Abstract-The improvement in Maritime Situational Awareness, the capability of understanding events, circumstances, and activities within and impacting the maritime environment, is nowadays of paramount importance for safety and security. The integration of spaceborne synthetic aperture radar (SAR) data and automatic identification system (AIS) information has the appealing potential to provide a better picture of what is happening at sea by detecting vessels that are not reporting their positioning data or, on the other side, by validating ships detected in satellite imagery. In this letter, we propose a novel architecture that is able to increase the quality of SAR/AIS fusion by exploiting knowledge of historical vessel positioning information. Experimental results are presented, testing the algorithm in the specific area of Dover Strait using real SAR and AIS data.
I. INTRODUCTION
T HE collection of maritime positioning data from selfreporting systems such as the automatic identification system (AIS) [1] , although subject to reliability and manipulation issues, is providing a wealth of data for Maritime Situational Awareness (MSA). In particular, the AIS is mandatory for a portion of traffic, which is identified by ships of 300 gross tons and above in international voyages and 500 tons and above for cargoes not in international waters and passenger vessels [2] . In addition, all EU fishing vessels of overall length exceeding 15 m have been required to be equipped with AIS since May 2014 [3] . The information content of self-reporting data, apart from the state vector and other kinematic information, may also include voyage-related (e.g., destination, estimated time of arrival, etc.) and static (e.g., size, ship type, etc.) information about the ship.
Synthetic aperture radar (SAR) [4] is a radar technique that, in the remote sensing context, takes high-resolution images of the Earth's surface from an aerial or space platform. It is operationally used in, among others, maritime surveillance applications, where it can detect noncooperative vessels, during day and night, and through clouds. Spaceborne SAR sensors have a global coverage, although at any one moment, they can only monitor an area that ranges from a few tens to a few hundreds of kilometers wide. Additional shortcomings of spaceborne SAR are their long tasking and update times and the fact that most SAR satellites fly in the same dawn-dusk orbit, which limits the observation opportunities. AIS and spaceborne SAR clearly have their own advantages and weaknesses, and a level of integration and fusion can overcome the limitations of each one. AIS data have previously been used as nonautomatic ground-truth verification for ships detected in SAR imagery, but the fusion between observationbased and self-reporting data has much more to offer in terms of surveillance. It is well known that one of the main issues with cooperative systems is the possibility for malicious users to behave noncooperatively during illegal operations by switching off their devices or spoofing their own identity. Moreover, illegal activities could be accomplished by using small ships that are not obliged to mount an AIS transponder on board. These nonreporting ships can be detected from SAR images, as described in [5] . On the other hand, ships not detected by SAR might be broadcasting AIS messages.
Current state-of-the-art data fusion algorithms mainly rely on 1) the AIS position projection step, aiming at deriving the ship position at the SAR image acquisition time, and 2) the matching step, aiming at associating the positions extracted from a SAR image and the projected AIS reports. Existing prediction methods based on dead reckoning use the zero-order, first-order, and second-order derivative polynomial models to model ship anchoring, straight-line motion with uniform speed, and uniform acceleration speed, respectively [6] . In [6] and [7] , more complex models based on the Gray Systems Theory [8] have been proposed. Actual methods for matching use nearest neighbor (NN) [9] , [10] , point pattern matching [11] , and fuzzy logic [12] techniques based either on positioning information or ships' multiple features (heading, speed, and size).
The purpose of this letter is to present an architecture for SAR ship detections and self-reporting data fusion using a knowledge-based (KB) AIS position projection step, as preliminarily explored in [13] and [14] . In particular, the proposed algorithm exploits the maritime traffic patterns extracted from historical self-reporting AIS data, as described in [15] , to project AIS positions to the SAR image acquisition time. The matching step, instead, is based on the well-known global NN (GNN) criterion applied both on positioning information and ships' multiple features. We apply the proposed strategy to a real scenario in the specific area of Dover Strait by using historical traffic data extracted in [16] , and we show that our architecture outperforms the most prevailing linear-propagation-based Fig. 1 . General architecture of the SAR ship detection and self-reporting data fusion. The proposed methodology relies on the ship detections provided by a VDS, the AIS data collected in a DB structure, and the traffic patterns extracted by a knowledge discovery process.
technique both in terms of AIS projection accuracy and of correct SAR/AIS associations.
This letter is organized as follows. Section II provides a detailed description of the proposed approach. In Section III, the methodology is applied to a real data set, and conclusions are summarized in Section IV.
II. DATA FUSION BY EXPLOITING TRAFFIC KNOWLEDGE
Here, we describe an architecture aimed at fusing SAR ship detections and self-reporting system data by exploiting knowledge of traffic patterns regulating the area under analysis. The proposed approach, as depicted in Fig. 1 , relies on ship detections obtained from SAR imagery through an ad hoc vessel detection system (VDS), self-reporting system data stored in a database (DB), and traffic patterns extracted by a knowledge discovery process.
A. Ship Detection
The Joint Research Centre's in-house VDS (called SUMO) has been used for the detection of the ships in the SAR images [17] . SUMO can analyze images from most of the current SAR satellites. There are three steps in the processing. First, the land areas in the image are masked out. Then, a constant false alarm rate detector [18] is applied to the sea areas, after modeling the sea background using the K-distribution [19] . A false alarm rate of 10 −7 has been empirically chosen, along the lines of typical values suggested in [19] . Finally, vessel discrimination is used to reduce the number of false alarms and to cluster the detected pixels into ships. For the ith detected ship, SUMO outputs a vector D vds,i = {x i , y i , l i , w i , h i } containing its geographical location (longitude and latitude) and estimates of its length, width, and heading, respectively.
B. Traffic Knowledge
The recent buildup of terrestrial networks and satellite constellations of AIS receivers provides a rich source of cooperative vessel movement information. Self-reporting data can be processed to infer different levels of contextual information, ranging from the identification of ports and offshore platforms to spatial and temporal distributions of traffic routes. In [15] , Pallotta et al. presented a methodology to extract the historical traffic patterns from AIS data by using an unsupervised and incremental learning approach. The same knowledge discovery approach is used in [16] to produce hierarchical graph-based representations of maritime shipping lanes. The output of the traffic knowledge process in Fig. 1 exploits the outcomes of the algorithm in [16] , i.e., a set of N routes,
. The ith route contains, among other features, a closed set of L vectors
describing the reports associated with
where (x i,j , y i,j ) is the position in longitude/latitude coordinates, COG i,j and SOG i,j represent the course over ground (COG) and the speed over ground (SOG), respectively, and MMSI i,j and t i,j are Maritime Mobile Service Identity (MMSI) numbers 1 and timestamps as derived by the AIS data standard [1] .
C. SAR/AIS Data Fusion
The core of the architecture in Fig. 1 is the data fusion between ships detected from SAR imagery and self-reporting observations. In the remainder of this letter, without loss of generality, we refer only to AIS observations, i.e., x AIS , that are gathered and stored in a DB structure, as well as the set of ship detections D vds and the set of SAR images metadata I. In the following, we discuss in detail the proposed Algorithm 1.
Algorithm 1 KB Fusion
if is empty (R) then 9:
P j (n + 1) ← LinearP ropagation(P j (n)) 10: else 11:
end if 13: end for 14:
1) Data Extraction and Time Projection:
First, given a SAR image, I l , a data extraction process is required in order to select only those AIS raw messages useful for the analysis. In particular, DB is searched to get all those vessels within the bounding box of the SAR image, in a temporal interval Δ w centered on the image acquisition time. After this spatiotemporal filtering, data are arranged in a sequence of tracks, i.e.,
, represented as a set of points P, as defined in (1). Then, a time projection step is needed for all the AIS tracks to derive the ship positions at the SAR image acquisition time and to obtain a time alignment between SAR ship detections and AIS data. The accuracy of time projection is affected by the extent of the temporal displacement Δ t between T SAR , the SAR image acquisition time, and its closest observation. When T SAR takes place between two consecutive observations, a linear interpolation is generally sufficient to coregister a vessel track to a ship detection. Whenever the vessel track is lost shortly before or initiated right after the SAR acquisition, a track prediction based on a linear-motion model allows to fuse the relevant data with acceptable reliability. If the vessel exits the area covered by a tracking sensor, its track is lost, and one needs to forward propagate it before the SAR association. Similarly, if the SAR image is collected before the vessel track is initiated, the track needs to be backpropagated to T SAR . Long interval interpolations are needed when attempting to fuse vessel tracks presenting long gaps and SAR ship detections. A small Δ t can be on the order of tens of minutes in open sea or a few minutes in areas with intense routing measures. In the following, we will focus only on the forward-propagation scenario. However, results can be clearly applied to the other cases.
In this letter, we propose a strategy that exploits contextual information represented by the route system introduced in Section II-B. As it is clear from Algorithm 1, starting from the jth track V j , we find its closest point to T SAR , i.e., P j (1), and its time distance from image acquisition time Δ t . We will propagate the point P j (1) to the image time through N C halfway time steps depending on the desired time increment δ. The extracted track is now used in the classification process to figure out if it can be assigned to one of the routes provided by the traffic knowledge process. In this context, we use the k-NN (kNN) algorithm, which is a nonparametric algorithm widely used for classification [20] . As it is well known from the literature, the kNN rule classifies each unlabeled example by the majority label among its k NNs in the training set. Its performance, thus, depends crucially on the distance metric used to identify the NNs. In our algorithm, we adopt a Mahalanobis distance metric, which computes the squared distance between two generic state vectors x i and x j as
where S ≥ 0 is a positive semidefinite matrix. When S is the identity matrix, the distance (2) reduces to the Euclidean distance metric. In our approach, we use the large-margin NN technique to learn matrix S from the training set by using semidefinite programming, as described in [21] . It has been demonstrated that this learning algorithm leads to lower kNN error rates than the Euclidean metric distance. The accuracy of the kNN algorithm depends on the selection of parameters k and . The former, representing the number of observation's neighbors to be searched, can be heuristically estimated through the well-known p-fold cross-validation procedure [22] . The latter represents the extension of the validation gate used for the acceptance of points provided by the kNN search and can be chosen statistically depending on the desired confidence level of the region of acceptance. The learning of k and S can occur offline, and the classification process does not limit the real-time implementation of the proposed architecture. If the route classification does not provide any assignments, the starting point P j (1) is propagated by using a simple linearmotion model. Otherwise, if the output is one of the routes from the traffic knowledge pattern, e.g.,R, a KB propagation will be implemented. First, the NNs of the current point P j (n), on the routeR and within a validation gate of radius , are identified. Then, the median of the COGs of these identified points, i.e., COG, is used for propagation. As for the SOG, we rely on the last value of speed reported in AIS messages. The last point obtained after this propagation represents our estimate for the ship position at the time of the image.
2) Doppler Shift Correction:
In SAR imagery, the azimuth position of an object depends on the Doppler shift of the received signal; a moving target induces an additional Doppler shift beyond that of a stationary target [4] . Moving objects in focused SAR imagery therefore appear displaced in the azimuth direction from their actual geographical position, and the timeprojected ship positions should be corrected before the final association step. The azimuth shift of a target can be estimated as
where H is the satellite height, θ is the SAR incidence angle, v is the target speed magnitude, φ is the vessel course with respect to the SAR range direction, and V s is the SAR platform velocity. The strategy followed is the widely used reverse Doppler shift correction, where the (reverse) compensation is applied on the time-projected points instead of SAR detections, because the accuracy on ship speed/course parameters detected in SAR images is very difficult to guarantee.
3) Data Correlation:
The last step of the proposed algorithm aims at matching the two data sets represented by D vds , the set of SAR detections, and P c (T SAR ), the set of time-projected and Doppler-shift-compensated AIS points. We implemented the well-known GNN data association rule based on the Munkres assignment algorithm [23] . The first idea is to exploit only positioning information of both SAR ship detections and AIS data and a geographical distance metric. The second aided approach (AGNN), aimed at improving the validity and accuracy of data association, is based on the use of multiple features such ships heading and size. In particular, we consider a distance metric evaluated as a weighted average of the distance metrics of single features, i.e.,
where F = {position, heading, size}, α ft represents the weight of feature ft, with α ft = 1, d ft (·) is the distance metric referred to feature ft, and P i,cE is an enhanced version of the output of the time projection step, containing also information about the ship's heading, length, and width. In this second approach, the GNN makes use of distances (4) . The validation of the assignments produced by the application of the Munkres procedure is based on a threshold value for distance, i.e., d th . The final output of Algorithm 1 is vector A containing the correspondences between SAR detections and time-projected Doppler-compensated AIS points. 
III. EXPERIMENTAL RESULTS

A. Data Set Description and Experimental Setup
We evaluated the proposed work by considering the specific area of Dover Strait, one of the shipping lanes presenting the highest traffic density in Europe and worldwide. As regards the traffic knowledge stage in Fig. 1 , we used the traffic pattern data set obtained in [16] by exploiting one month of terrestrial AIS data between December 15, 2013 and January 15, 2014 and, as represented in Fig. 2 , made of six routes
. On the selfreporting system's side, we have used only terrestrial AIS data stored in a database, as depicted in Fig. 1 .
On the SAR side, five images have been analyzed during the experiments. They are Radarsat-2, HH polarization, multilook fine mode, and ground range SGF products acquired between June 5, 2014 and June 16, 2014. The resolution of the images is approximately 8 × 7.6 m (range, azimuth), and each one of them covers a ground size of 50 × 50 km. A total of 327 vessels have been detected in the five scenes.
B. Propagation Performance
As described in Section II-C1, we propose to achieve the time projection of AIS data to the time of the image by using a KB methodology, in order to improve the performance of the widely used linear approach. We compare the KB approach to the linear one by considering the following conceptual experiment. Given a track V j , made of Z AIS messages, first consider the last observation as the ground truth. Then, suppose to lose gradually all the observations from the (Z − 1)th to the first and to propagate the surviving points to the time of ground truth, and to evaluate the geographical distance between the estimated value and the true one. This process can be repeated for all the observations of the track. By averaging the distances obtained on the whole track data set in the bounding box of routes and on the whole imagery data set, we obtain the performance depicted in Fig. 3 . In particular, the four panels show the behaviors of distances, expressed in nautical miles, as the propagation time changes from zero to 100 min. The plots are organized according to the track's route membership, with the bottomright panel illustrating the overall propagation performance by considering all the six routes. Red plots refer to the KB propagation, whereas green plots regard the linear approach. The results in Fig. 3 prove that the propagation based on knowledge of routes overall outperforms the propagation based on a linearmotion model. Although the performance levels are quite the same for linear routes (top-left panel), the KB propagation accuracy increases for more articulated ones (top-right panel).
C. Overall Data Association Performance
The analysis of the overall performance of the data fusion process is conducted by looking at the output of the data correlation process in Fig. 1 and considering the following scenario. For a given image, at time T SAR , we can count on the SAR ship detections and the AIS raw messages collected in our DB structure. Since the Dover Strait is well covered by terrestrial AIS receivers, there is a high level of likelihood that we have available a fixed number of AIS data exactly at-or within few minutes around-the time T SAR so that we have ground-truth data at time T SAR and use them to get the expected numbers of ships correlated N E/GNN (or N E/AGNN ), through one of the GNN-based algorithms described in Section II-C3. For each ground-truth-related AIS track, we suppose to gradually lose observations so that we artificially make the propagation time, i.e., Δ t , change between zero and a maximum value. Then, we apply the GNN (or AGNN) algorithm to the propagated value, as Δ t varies, and obtain a set of the correlations for both the linear propagation and the KB approach. By comparing these correlations to the expected ones, we obtain N L correct associations for the linear model and N KB correct assignments for the KB approach. We can thus define a quality parameter of correlation, i.e., Q L/j (equivalently Q KB/j ), as the percentage of correct associations, i.e., Q i/j = N i /N E/j · 100, i ∈ {L, KB}, j ∈ {GN N, AGN N }. Fig. 4 shows the behavior of quality parameters for both the propagation models versus the propagation time by using the GNN with positioning information only and the AGNN based also on the ship's heading and size features, with weights α ft in (4) chosen empirically by giving the highest value to the position feature, being the most reliable feature provided by the SAR detection stage. Green lines refer to the correlation output when linear propagation is used, whereas the red lines represent quality of correlation when a KB propagation model is adopted. In Fig. 4 , it is clear how the utilization of the information provided by the traffic knowledge process helps improve the performance of the overall SAR ship detections and AIS data fusion process with respect to the widely used linear propagation. By using a more complex association process, i.e., by taking into account also other ship features, it is first possible to get a performance gain for every given propagation approach. Moreover, as it is visible from the square-marked plots in Fig. 4 , by considering an AGNN association, the gain resulting from the application of the KB approach noticeably increases, particularly for propagation times greater than tens of minutes.
IV. CONCLUSION
This letter has shown the relevance of maritime traffic knowledge on the SAR ship detection and self-reporting data fusion. We have demonstrated through real data and an objective comparison with the most popular linear-propagation-based strategy that it is possible to increase the quality of correlation by exploiting knowledge of historical traffic patterns to project self-reported AIS observations to the SAR image acquisition time. In addition, the performance gain increases with the complexity of the routing system regulating the traffic in the area of interest.
